In mass customization, data mining can be used to extract valid, previously unknown, and easily interpretable information from large product databases in order to improve and optimize engineering design and manufacturing process decisions. A product family is a group of related products based on a product platform, facilitating mass customization by providing a variety of products for different market segments cost-effectively. In this paper, we propose a method for identifying a platform along with variant and unique modules in a product family using data mining techniques. Association rule mining is applied to develop rules related to design knowledge based on product function, which can be clustered by their similarity based on functional features. Fuzzy c-means clustering is used to determine initial clusters that represent modules. The clustering result identifies the platform and its modules by a platform level membership function and classification. We apply the proposed method to determine a new platform using a case study involving a power tool family.
INTRODUCTION
In today's competitive market, companies are increasing their efforts to reduce cost and time for developing new products while satisfying individual customer needs [1] . Many companies strive to maximize resource utilization by sharing and reusing distributed design knowledge and information when developing new products. Product family planning is a way to achieve mass customization by allowing highly differentiated products to be developed around a platform while targeting individual products to distinct market segments [2] .
Data mining has been defined as the process of extracting valid, previously unknown, and easily interpretable information from large databases in order to improve and optimize engineering design and manufacturing process decisions [3, 4] . In mass customization, data mining can be used to help identify customer needs, to find relationships between customer needs and functional requirements, and to cluster products based on functional similarity to facilitate modular design [4] . At the conceptual design stage, data mining can aid decision-making when selecting design concepts by extracting design knowledge and rules, clustering design cases, and exploring interactively conceptual designs in large product development databases [4] . The objective in this research is to develop a method for identifying a platform along with variant and unique modules in a product family using data mining techniques. Moreover, since design knowledge for a product depends on the experience and knowledge of designers, representation of design knowledge, such as linguistic representation, may fail to describe a crisp representation completely. When clustering design knowledge, we need to assign the knowledge to clusters with varying degrees of membership. Fuzzy membership can be used to represent and model the fuzziness of design knowledge [4] .
In this paper, we describe a novel method for supporting product family design that consists of data mining techniques: association rules, clustering, and classification. In particular, to define the relationship between functional hierarchies in a product effectively, an appropriate representation scheme must be adopted for the products. We use Techspecs Concepts Ontology (TCO) to represent the functions of a product as functional hierarchies [5] . Rules related to design knowledge are developed by association rule mining. Fuzzy c-means clustering is employed to partition product functions into subsets for identifying a platform and modules in a given product family. Based on the results of using association rules and clustering, classification is used to determine the platform and the modules for a product family.
The remainder of this paper is organized as follows. Section 2 reviews related literature in product family design and data mining. Section 3 describes the method for identifying a platform and modules using data mining. Section 4 gives a case study using a family of five power tools. Closing remarks and future work are presented in Section 5.
BACKGROUND AND LITERATURE REVIEW
A product family is a group of related products based on a product platform, facilitating mass customization by providing a variety of products for different market segments costeffectively [6] . A successful product family depends balancing the trade-offs between the economic benefits and performance losses incurred from having a platform. Simpson, et al. [7] categorized platform design approaches as either top-down (proactive platform) or bottom-up (reactive redesign). The topdown approach manages and develops a group of products based on a product platform while the bottom up approach seeks to redesign an existing set of products around a platform. Moore, et al. [8] used conjoint analysis to determine a product platform. Siddique and Rosen [9] described a method to design a platform from an existing group of products by comparing commonalities in the assembly process. Gonzalez-Zugasti, et al. [10] designed platform modules to minimize design risk and save costs relating to developing a product family. Simpson, et al. [7] introduced a method to optimize a platform by minimizing performance loss and maximizing commonality.
Various data mining approaches have been developed for products and product family design. Agard and Kusiak [11] proposed a three-step method for the design of product families based on the analysis of customers' requirements using a data mining approach. In the first step, data mining algorithms are used for customer segmentation. The second step provides a function structure to satisfy the diversified requirements. A product structure and distinguished modules for the product variability are designed in the final step. Jiao and Zhang [12] presented a domain-independent inference system for analyzing and organizing requirement information to support product portfolio identification. They mined association rules to provide an integration of requirement information from both customer and design viewpoints within a coherent framework. Xue and Dong [13] introduced the coding and clustering of design and manufacturing features for concurrent design. They employed a fuzzy pattern clustering algorithm to organize a large design feature library into hierarchical feature groups. Liao [14] used a classification and coding approach to solve the part family formation problem in a group technology application. He defined fuzzy design features mapping into the code structure and applied similarity-based clustering methods to form part families. Romanowski and Nagi [15] presented a data miningbased method to form a generic bill of materials for variant design using text mining and association rule mining.
An association rule mining technique can help find interesting associations or correlation relationships among a large set of data items [12] . The results of association rule mining can be design knowledge that is used to define a platform and common modules. Clustering can be used to group customers or functions of similar behavior [11, 12] . Also, functional requirements in existing products can be clustered based on the similarity between them. This process can be achieved by clustering applications such as the k-means algorithm, hierarchical algorithms, pattern recognition, Bayesian statistics, neural networks, and support vector machines [11] . Agard and Kusiak [16] used a clustering method to identifying similar customers in the design of standardized product. They applied a neural network to learn customers' preferences to build a target customer and cluster customers' behaviors. Lozano, et al. [17] proposed a modified fuzzy cmean clustering algorithm for part-machine grouping in cellular manufacturing. They considered the linking between the degree of membership of machines and part families, and the effect of the weighting exponent on the fuzziness of the solution.
METHOD FOR PLATFORM AND MODULE DESIGN
In this paper, we introduce a method for identifying a platform along with variant and unique modules in a product family using data mining techniques: association rules, clustering, and classification. Figure 1 shows the flow diagram of the proposed method that consists of three phases as follows: (1) knowledge acquisition and representation, (2) module determination, and (3) platform and module identification. The next section discusses each phase of the method in detail.
Knowledge acquisition and representation
-Products selection for a product family -Product representation using TCO and codes -Association rule mining 
Select Products for the Product Family
We propose the process of developing a product family based on customer needs (CNs) as shown in Figure 2 . Information required to identify CNs can be collected by surveying prospective customers and conducting a marketing study that begins by establishing target markets and customers. Initially, the CNs are analyzed to understand customer intent and determine a strategy for developing a product family. For example, the number of products can be decided by customer groups classified according to CNs. CNs are also used to identify appropriate functional requirements (FRs) and are then mapped to FRs. FRs describe a product's behavior and features that are defined by technical information and data for its design. During conceptual design, products can be designed based on FRs, and their functional modules can also be decided, and a product family is configured by defining a platform. A platform consists of several common modules that can be shared across the product family. After conceptual design, through prototype and pre-production process, final products are manufactured. 
Product Representation
The basic idea of modular design is to organize products as a set of distinct components that can be designed independently and develop a variety of products through the combination and standardization of components [18] . Modules are achieved by decomposing the functions of products into independent subfunctions in which interaction or interdependence between subfunctions is minimized [19] . The modules make it easier to reuse them in different products, allowing development and manufacturing costs to be significantly reduced [20] .
We assume that a product can be defined by its modules that consist of specific functions, and functions are achieved by the combination of attributes. To effectively define the relationship between functional hierarchies in a product, it is important to adopt an appropriate representation scheme for the products. We use the Techspecs Concept Ontology (TCO) to represent products and components [5] . TCO provides functional representation-based semantics of products or components to better reflect customers' preferences and market needs. Using TCO, we can develop a module-based functional hierarchy for a product. For example, Figure 3 shows the functional hierarchy for a circular saw. Suppose that a product family consists of l products, PF = (P 1 , P 2 , …, P l ) and a product consists of m i modules,
, where x i,j is a module j in product i and consists of a vector of length n m ,
and the individual scalar components 
where n t is the number of attributes represented by TCO. For example, we define five functional feature attributes that are: description, input energy, output energy, operand, and medium. Figure 4 shows the hierarchy level for representing a product. 
Used by clustering algorithm In this paper, a coding approach is used to represent the attributes of functional features for a given clustering method. As shown in Table 1 , each attribute takes a different code (number). Functional features in Table 1 are developed based on the functional basis proposed by Hirtz, et al. [21] . For instance, if the attributes of a functional feature consist of convert (description), electronic energy (input energy), mechanical energy (output energy), force (operand), and shaft (medium), then the codes for the attributes are 13, 5, 9, 2, and 2, respectively. 
Association Rule Mining
An association rule describes an interesting relationship between attributes of different modules [11, 12] . Given a set of transactions, where each transaction is a set of attributes, an association rule is noted as A ⇒ B, where A and B are sets of attributes. The association rule, A ⇒ B, indicates that transactions that contain attribute A tend to contain attribute B. Support and confidence are introduced to assess the quality of the extracted rules [11] . The support of an attribute A in a set of transaction data S means the probability of transaction data containing attribute A. The confidence of A ⇒ B represents the probability of attribute B occurring in S if attribute A occurs in S. An association rule with high confidence and support is called strong and is potentially useful for product design [11] .
In association rule mining, transaction data is needed to develop rules related to product design. Based on TCO, we can develop transaction data that consists of several properties in the hierarchical functional relationship. For example, we can generate transaction data that is composed of module level, functional level, and attribute level in a product as shown in Figure 4 . We utilize the Apriori algorithm to generate association rules that uses frequent item sets to define the association rules [22] . A designer can extract important design features from association rules. These design features are classified and translated into knowledge and rules for product design. Design rules can be translated into specific integration and split rules that can be used to classify clusters. If two clusters have the same module, then the modules are combined by the integration rule. Otherwise, if a cluster has several modules, then the cluster is divided into the number of products in the cluster by the split rule (see Section 3.2.2).
Phase 2: Module Determination

Fuzzy Clustering for Defining Modules
Functional decomposition for a product is represented as a hierarchical structure. A hierarchical clustering method can classify a set of objects by measuring the similarity between objects [23] . Because heuristic methods used to define a module may provide overlapping or non-crisp boundaries among module clusters [24] , the results of traditional clustering approaches are not appropriate to define clusters as modules in product design. Fuzzy clustering approaches can use fuzziness related to product design features and provide more useful solutions [13, 14] . In this paper, we employ fuzzy c-means clustering (FCM) [25] to determine clusters for identifying modules for the product family. FCM is a clustering technique that is similar to k-means but uses fuzzy partitioning of data that is associated with different membership values between 0 and 1. Since FCM is an iterative algorithm, the aim in FCM is to find cluster centers that minimize a dissimilarity function.
Let X k for k = 1, 2, …, n be a functional feature and a ddimensional vector (d is the number of attributes), and u ik the membership of X k to the i-th cluster (i=1, 2, …, c) . The u ik representing a fuzzy case is between 0 and 1. For example, if u ik = 0, u ik has non-membership to cluster i, and if u ik = 1, then it has full membership. Values in between 0 and 1 indicate fractional membership. Generally, FCM is defined as the solution of the following minimization problem [25] :
subject to:
[ ]
where v i is a cluster center of the i-th cluster that consists of a ddimensional vector, and m is a parameter ( 1 ≥ m ) that plays a central role and indicates the fuzziness of clusters. An algorithm for solving this problem is introduced in Refs. [25, 26] . This FCM algorithm does not ensure that it converges to a global optimal solution; however, it always converges to a local optimum that may lead to a different local minima according to different initial cluster centers [25, 26] .
In this FCM algorithm, since the cluster number c is determined before clustering, a validity index for an optimal c should be considered for defining the number of clusters. In this paper, the partition coefficient (PC) is used to determine the cluster number c [27] :
where 1/c < PC(c) < 1. An optimal cluster number c * maximizes PC(c), (the number of products +1) < c < n-1.
The cluster number can be considered as the number of modules. A maximum membership value in clusters is an indicator for assigning to a module that can be considered as a group of similar functional features. Among clusters, clusters including the functional features for all selected products can be common modules for the platform.
Classification using Integration and Split Rule
Classification is a learning technique to separate distinct classes and map data into one of several predefined classes [28] . Classification approaches use classification rules that are usually developed from "learning" or "training" samples of preclassified records [4, 28] . The process of generating classification rules is achieved using learning algorithms [4] .
Since the clusters in FCM are determined based on functional features, additional analysis is needed to define the modules. Modules can be classified by integration rules and split rules extracted from association rules as mentioned in Section 3.1.3. For example, Figure 5 shows the classification process based on the integration rules and the split rules. Cluster 1 and Cluster 2 have functional features x 1,1,1 and x 1,1,2 
Platform Level Decision
From the clustering results in Phase 2, we can obtain membership values representing the corresponding membership level of each cluster, which can be considered as the degree of similarity among functional features. In this paper, we propose platform level membership functions to represent and determine the platform level of a common module. From the platform level, we can determine a platform for clustered products. As shown in Figure 6 
Results Interpretation
The final results of the proposed method determine the platform along with the variant and unique modules for the product family. A platform consists of common modules with a high platform level that are shared. If variant modules are selected as a platform, additional functional features or costs will be required to make them a common module. Since the classification based on design rules considers the assembly relationship among functional features, modules can be designed independently. In the conceptual stages of design, these results can help decision-making by defining the set of modules for the product family. The effective set of modules will lead to improved product family design. Additionally, since the proposed method uses the similarity of functional features, we can evaluate the commonality of existing products by the membership values of clusters.
CASE STUDY
To demonstrate the proposed method, a power tool family is investigated that consists of five distinct cordless power tools as shown in Figure 7 . The jigsaw has a blade attachment that is used to cut curves or different shapes. The circular saw has a disc-like circular blade attachment that is used to saw straight through blocks and sheets. The sander has a special base that is used to sand and smooth surfaces. The drill spins a drill bit that can be used to drill various holes. The brad nailer has a magazine in which nails can be loaded and is used to drive nails through surfaces. Currently, these products have common modules related to electrical components at the platform level. Using the proposed method, we can determine a more suitable platform and modules for the product family. 
Select Products for the Product Family
The CNs for the selected five products are defined in Table  2 , and the FRs are generated from CNs and the FunctionComponent Mapping Matrix (FCM) in the Design Repository at the University of Missouri-Rolla (UMR) 4 . Table 2 also shows the result of mapping CNs to FRs for the power tool family.
Product Representation
The products representation for the five tools is developed using TCO. Table 2 shows the 75 functional features of the selected five products. The attributes of these functional features are coded using the numbers in Table 1 as shown in the last column of Table 2 .
Association Rules
Based on TCO, we develop transaction data consisting of module, function, and energy for each functional feature. For instance, Figure 8 shows the process of association rule mining based on the hierarchy functional relationship and transaction data for a circular saw. The Magnum Opus demo version 3.0 5 is used to generate association rules. The transaction data related to the five products is input as a text file to Magnum Opus (see Figure 9 , which show the input and output for Magnum Opus). In the proposed method, we use support and strength among association metrics in Magnum Opus, because they provide support and confidence measures for the Apriori algorithm, respectively. The generated rules are translated using the integration rules and the split rules from Section 3.2.2 to classify modules. For example, if one cluster has two functional features and a rule with respect to the two features is not generated, this cluster is identified as two modules by the split rules. Otherwise, if two clusters have two functional features and a rule with respect to these features is generated, then these clusters can be one module by the integration rules.
Phase 2: Module Determination
Fuzzy Clustering for Defining Modules
FCM was used to determine modules for the five products. Since the number of clusters affects the number of initial modules, it is important to select the number of clusters for FCM effectively. An optimal cluster number c ( 7 4 6 ≤ ≤ c ) was estimated by the validity index (PC) mentioned in Section 3.2. As shown in Figure 10 , the value of PC decreases as fuzziness increases. Figure 11 illustrates the values of PC for three different initial seeds at fuzziness 1.7 and 1,000 iterations. In this paper, c = 13 was selected as the optimal cluster number to determine a platform and modules for the five products, since 12 to 15 clusters provide higher PC values than the other values. Table 3 shows the results of FCM using 13 clusters. Since cluster 2, 4, 7, 8, 10, 12, and 13 have similar functional features for all five products, these clusters can be considered as common modules. Because FCM is very sensitive to initial parameter values, the clusters of the result should identify modules for obtaining a consistent solution. Based on the integration rules and the split rules, 13 clusters were identified modules. For example, since two functional features (x 3,2,2 , x 3,3,2 ) of the jig saw in Cluster 2 are related to different modules-a motor module and a conversion module-the features of the jig saw were decomposed into two different modules. Figure 12 shows the split rules for the generated rules of the jig saw. The features of the circular saw and the drill in the Cluster 2 were decomposed into different modules using the split rules. Cluster 4 and Cluster 8 can be combined into one module using the integration rules, since these features in each product have been obtained from the same module and rules related to the functional features and the modules were generated. For instance, in the Cluster 4 and 8, the three functional features (x 1,3,1 , x 1,2,2 , x 1,3,3 ) of the circular saw have the integration rules as shown in Figure 12 . Using the platform level membership function, the platform levels of common modules were determined as shown in Table  4 . Since all platform level values are indicated high level, these common modules can be modules of the platform. 
Result Interpretation
Common modules consisted of an electronic module, a motor module, a battery module, and an input module based on these results. The suggested platform consists of 4 modules and one functional feature module. Some modules can be common modules for specific products. For example, functions x 1,4,2 , x 3,6,2 , and x 4,3,1 are considered as a common module for the circular saw, the jig saw, and the brad nailer. If modules in a product are extracted from the same functional module, these modules can be designed as one module. For instance, functions x 1,4,1 , x 1,4,2 , and x 1,4,3 can be designed into one module for the circular saw. Finally, one platform consisting of 4 modules and 19 modules are identified for the product family. Comparing this to the current platform of five products, we can increase the number of common modules based on common functional features. During conceptual design, this information can provide designers with guidelines for effective product family development. In terms of the existing products, the proposed method can give a metric to assess commonality between products for functional features.
CLOSING REMARKS AND FUTURE WORK
In this paper, we proposed a new method for identifying a module-based platform along with variant and unique modules in a product family using data mining techniques. Based on functional features for a product, integration rules and split rules where generated by association rule mining. Fuzzy cmeans clustering was employed to cluster the functional features of products based on the similarity among them. The resulting clusters yield the initial modules, which are then identified through classification. A platform level membership function was used to identify the platform within the family. We have demonstrated the proposed method to determine a new platform using a case study involving a family of power tools.
Since the proposed method uses functional features during clustering to determine modules, functional requirements for products in a family should be considered during platform design. Using the proposed method, we can determine a module-based platform and modules that can be adapted to product design during conceptual design. Therefore, the method can help design a variety of products within a product family. Future research efforts will focus on improving the method for reflecting functional requirements, developing validity function to select a proper number of clusters for various product families, and expanding its application to large databases or repositories related to product design.
